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Abstract: Objective In the contemporary landscape of geospatial engineering and computer vision, modern industrial
workflows dedicated to Unmanned Aerial Vehicle (UAV) aerial surveying and high-fidelity 3D scene reconstruction have
become foundational. Rapidly acquiring sparse 3D point clouds of target areas—typically achieved through Structure-from-
Motion (SfM) photogrammetry or airborne Light Detection and Ranging (LiDAR )—has been established as a standard pro-
cedure. However, practical data collection is frequently hindered by severe physical and regulatory bottlenecks. Restricted

by limited UAV battery endurance, strict airspace control regulations, or rigid predefined flight routes, the actual optical
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imagery collected during field operations can rarely achieve the dense, omnidirectional overlapping coverage required by
ideal reconstruction algorithms. Consequently, researchers are often forced to work with highly sparse visual observations.
When attempting to perform large-baseline view extrapolation or traditional graphics rendering utilizing these discrete and
occluded 3D priors, existing methods face insurmountable challenges. Traditional rendering pipelines often result in severe
structural distortions, projection holes, and rendering artifacts due to the lack of dense multi-view continuity. On the other
hand, the recent emergence of purely data-driven 2D generative diffusion models (such as Stable Diffusion) offers unprec-
edented capabilities in high-frequency texture hallucination. Yet, these models fundamentally lack explicit 3D physical
constraints. During large-baseline view exirapolation, they easily violate epipolar geometric consiraints, leading to severe
perspective distortion, physical scale collapse, and the topological misalignment of critical ground objects. To address
these critical limitations, this research proposes a novel generative view extrapolation method fused with sparse 3D priors.
The primary objective is to utilize discrete physical geometric skeletons to constrain and guide continuous pixel generation.
By bridging the gap between graphical rendering and generative modeling, this research aims to enable high-fidelity, geo-
metrically consistent, and controllable novel view extrapolation under extreme, sparse UAV observation conditions.
Method To achieve the aforementioned objectives, the proposed framework explicitly injects multi-source physical spatial
constraints into a large-scale Latent Diffusion Model (SDXL) , fundamentally transforming it from a pure 2D image genera-
tor into a 3D-aware extrapolation engine. The methodology is meticulously structured into three core stages to ensure that
geometric consistency and semantic richness are simultaneously preserved. First, the framework executes the Spatial
Alignment of 3D Priors. Recognizing that raw point clouds are discrete and challenging for 2D networks to interpret, we
project the sparse point cloud onto the target camera view using the corresponding extrinsic matrices. This projection yields
an absolute depth map. By fusing this depth information with pixel-level coordinate maps, we construct a comprehensive
Geometric Spatial Embedding (GSE) map. Furthermore, to provide the generative network with an optimal starting initial-
ization, the source reference image undergoes a pre-alignment process via rigid pose transformation, mapping the source
pixels to the approximate target perspective based on available geometric data. Second, we propose a Dual-Branch For-
ward Generation Pipeline with Decoupled Semantics and Geometry. To prevent the network from confusing structural
boundaries with texture colors, the architecture handles these modalities independently. An IP-Adapter (Image Prompt
Adapter) is employed as the semantic branch to extract global appearance characteristics—such as lighting conditions,
material textures, and environmental atmosphere—directly from the source image. Simultaneously, a ControlNet architec-
ture serves as the geometric branch, meticulously injecting the constructed GSE features into the denoising steps. This
decoupled dual-branch design forces the network to render continuous and realistic high-frequency textures (guided by the
semantic branch) while strictly anchoring them to precise spatial topologies (constrained by the geometric branch). Third,
the framework introduces 3D Perspective Supervision via Latent—Space Reprojection. Traditional pixel-space losses
often fail to capture deep siructural semantic errors during the diffusion process. Therefore, our method computes the geo-
metric constraints directly within the latent space. At each denoising timestep, the model estimates the noise-free latent fea-
tures. Using the known camera intrinsic and extrinsic matrices, these latent features are reprojected across views to com-
pute a cross-view geometric reprojection loss. This rigorous supervision mechanism continuously penalizes any spatial drift
during the reverse diffusion process, forcing the newly generated textures to strictly follow the physical perspective rules.of
epipolar geometry. Result The proposed framework was rigorously evaluated using datasets derived from real-world UAV
aerial imagery and their corresponding reconstructed point clouds. Our experimental setup was explicitly designed to simu-
late extreme large-baseline view extrapolation tasks, where the target camera pose significantly deviates from the available
sparse reference views. We conducted comprehensive qualitative and quantitative comparisons against state-of-the-art base-
lines, including purely data-driven models like VistaDream and adapted baselines such as SDXL equipped with standard
ControlNet depth conditioning. Qualitative visual analyses demonstrate that the proposed method significantly outperforms
all existing baseline models. While foundational SDXL models suffered from severe structural drift—often manifesting as
fractured roads or the unnatural intertwining of distinet architectural elements—our method accurately preserved the tar-
geted ground objects. The generated objects exhibited geometrically correct recession strictly along the depth axis, main-

taining precise topological boundaries without perspective distortion. Furthermore, compared to traditional multi-view ste-
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reo reconstruction pipelines, the images synthesized by our generative framework eliminated rendering empty holes and
appeared significantly more natural and visually realistic. Quantitatively, the proposed method achieved superior perfor-
mance across multiple core perception and semantic metrics. Traditional pixel-level metrics like PSNR often penalize gen-
erative models due to minor, physically plausible texture variations. Therefore, we focused on metrics that reflect human
visual perception and deep semantic alignment. Our method successfully reduced the Learned Perceptual Image Patch
Similarity (LPIPS) score to an exceptional 0. 466, objectively proving its capability to synthesize high-fidelity textures that
closely mimic real UAV footage. Moreover, the framework exhibited distinct advantages in large-scale visual-language
model evaluations, comprehensively outperforming baseline models in both LLaVA-IQA aesthetic scoring and CLIP-Score
semantic consistency evaluation. Conclusion This research represents a significant paradigm shift in the field of novel view
synthesis, moving away from relying on dense pixel interpolation towards geometry-guided generative extrapolation. By
seamlessly integrating the deterministic "rendering" principles-of traditional computer graphics with the "generative" capa-
bilities of advanced diffusion models, we have explored a highly effective solution for large-baseline view synthesis under
sparse observation conditions. The proposed method successfully breaks the long-standing dependence on multi-view conti-
nuity. By treating discrete 3D point clouds not merely as rendering primitives, but as rigorous physical anchors to constrain
the generative diffusion process, the framework effectively mitigates spatial drift and perspective distortion. From a practi-
cal engineering standpoint, this research directly addresses the severe objective constraints faced in actual UAV aerial sur-
veying, such as airspace restrictions and limited flight endurance. It provides a robust, controllable, and highly practical
algorithm pipeline capable of accurately deducing large-scale spatial structures, thereby unlocking new potentials for digital
twin modeling and complex scene reconstruction in industrial applications.

Key words: Novel View Synthesis; Multi-view Geometric Consistency; Geometric Spatial Embedding; Unmanned Aerial

Vehicle Imagery; Latent Diffusion Models
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Fig. 1 The Illustration of the Construction of the Geometry Spatial Embedding
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Fig. 2 Overall architecture of the generative view extrapolation method framework integrating sparse 3D priors.
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Fig. 3 The illustration of the inference phase of the method workflow
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Fig. 4 Given a single reference image and camera pose variation, this experiment compares the synthesized results of four generation

methods.
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Fig. 5 Spatial expansion evaluation of 3D scene reconstruction based on VGGT.
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Table 1 Quantitative evaluation results of each method on
geometric consistency metrics: LPIPS / PSNR / SSIM
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Table 2 Quantitative evaluation results of each method on

the five—dimensional perceptual quality metrics of LLaVA-
IQA.

JoMERE LGB SRa A BRI

Ik .
TR B Y B i
VistaDream 0.889 0.315 0576 0.927 0.613
sdxl 0.792 0.208 0.406 0.825 0.531

sdxl+controlnet 0.848 0.256 0.483 0.832 0.583
FATH TR 0.851 <0.342 0.611 0.89 0.642

FEURF X TR JBE 2 7 A mi B A IRE 8 SC, kT 73| 4 )™
AL S R i 7 5 1 SCEUI R R s B, PR
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TE R = 5 WA 114 = 2 3 s A AR AR 9K
SEH) T HECERET TR LA )Y SO ST A
Dy HE LY BE N, R ARG T 45 ) B A B o

R4 ZOERHBIEHESTMHER
Table 4 Quantitative evaluation results of the ablation

experiments on the core modules.
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Table 3 Quantitative evaluation results of each method on

semantic consistency (CLIP-Score).
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